Wearable sensors measuring different parts of people's activity are a common technology nowadays. In research, data collected using these devices also draws attention. Nevertheless, datasets containing sensor data in the field of medicine are rare. Often, data is non-public and only results are published. This makes it hard for other researchers to reproduce and compare results or even collaborate. In this paper we present a unique dataset containing sensor data collected from patients suffering from depression. The dataset contains motor activity recordings of 23 unipolar and bipolar depressed patients and 32 healthy controls. For each patient we provide sensor data over several days of continuous measuring and also some demographic data. The severity of the patients' depressive state was labeled using ratings done by medical experts on the Montgomery-Asberg Depression Rating Scale (MADRS). In this respect, the here presented dataset can be useful to explore and Permission to make digital or hard copies of part or all of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for third-party components of this work must be honored. For all other uses, contact the owner/author(s). MMSys'18, June 12-15, 2018, Amsterdam, Netherlands © 2018 Copyright held by the owner/author(s). ACM ISBN 978-1-4503-5192-8/18/06. . . $15.00 https://doi.org/10. 1145/3204949.3208125 understand the association between depression and motor activity better. By making this dataset available, we invite and enable interested researchers the possibility to tackle this challenging and important societal problem.
INTRODUCTION
The use of on body sensors to monitor personal health has become quite normal these days. Modern people are collecting vast amounts of data every day, for purposes such as increasing quality of life, supervise their fitness levels, or even to change bad habits. This data holds a lot of potential besides measuring the quantity of daily steps or calories burned, since continuous recordings of heart rate and activity levels usually are collected. There is an increasing awareness in the field of psychiatry on how these activity data relates to various mental health related issues such as changes in mood, personality, inability to cope with daily problems or stress and withdrawal from friends and activities [22, 24] .
Since 2010 mental health related problems are the main cause for years lived with disability worldwide. Depression is number one of the most frequent disorders and the current trend is indicating that the prevalence will increase even more in the coming years [23, 26, 30] . Dealing with depression can be demanding since it can create physically, economically and emotionally problems often leading to problems with work and sick leaves [32] .
Mental health problems are related to disturbance in internal biological systems [17] . These are complex systems and, because relations between the sensor data and the mood are not well understood yet, changes within these systems are difficult to detect.
Research indicates that early warning signals occur in critical transition periods preceding abrupt noticeable changes of state, and is usually indicated by a phenomena called critical slowing down [28] . Critical slowing down indicates that the system becomes slower and slower in recovering from small disturbances, i.e., a reduced ability to restore itself to its original condition [2] . Depression and bipolar disorder are episodic mood disorders, where the pathologic state and the healthy state might be understood as representing different stable states separated by sudden changes [6] .
In context to this; the state of biological systems are somehow measurable through recordings of motor-activity. Evidence indicates that a depressive state is associated with reduced daytime motor-activity, as well as increased nighttime activity when comparing to healthy controls [5] . Reduced motor-activity is likewise reported in bipolar depressions, besides increased variability in activity levels compared to others [29] .
Activity and movement measurements have become an emerging topic in the field of mental health. Several studies use sensors to measure patients movements over time and connect them to diagnosis or self reports [4, 27] . Usually, in these studies the data is analyzed using standard linear and nonlinear statistical methods. Reported findings include increased autocorrelations and variances as indicators of a critical slowing down [28] , and increased skewness is also observed [8] . As one can easily see such data also holds potential for machine learning applications which is used more and more in the context of psychiatry and psychology [7, 12, 15, 19] .
Databases of this kind come with two difficult problems, (i) data in the medical field is often protected and difficult to access which makes it hard to compare results between different approaches, (ii) data often contains a small amount of positive examples but much more negative ones (episodes are usually not the norm and its much easier to collect normal data compared to relevant cases).
With the here presented dataset, called Depresjon after the Norwegian word for depression, we try to tackle these two challenges by releasing a completely open dataset that can be used for research purposes and includes a relevant amount of depression cases compared to control participants. The main contributions of this paper are therefore:
• (i) A novel, open dataset containing sensor data of patients with depression and control patients.
• (ii) A large amount of depressed and non depressed patients in the dataset.
• (iii) A baseline evaluation with machine learning algorithms for classifying depressed v.s. nondepressed days, including suggestions for evaluation metrics to use in future research.
The reminder of the paper is describing the process of collecting the data and the data itself. In addition to that, a baseline evaluation is presented including suggestions for metrics to use.
DATA COLLECTION
The here presented dataset was originally collected for the study of motor activity in schizophrenia and major depression [4] . Motor activity was monitored with an actigraph watch worn at the right wrist (Actiwatch, Cambridge Neurotechnology Ltd, England, model AW4). The actigraph watch measures activity by using a piezoelectric accelerometer that is programmed to record the integration of intensity, amount and duration of movement in all directions. The sampling frequency is 32Hz and movements over 0.05 g are recorded. A corresponding voltage is produced and is stored as an activity count in the memory unit of the actigraph watch. The number of counts is proportional to the intensity of the movement. The right wrist was chosen to make the procedure more convenient for the participants, since most of them have their watches around the left wrist, and it is cumbersome to have two devices on the same arm. Total activity counts were continuously recorded in one minute intervals.
DATASET DETAILS
The dataset consists of actigraphy data collected from 23 unipolar and bipolar depressed patients (condition group). Figure 1 gives an example of the data plotted for one patient during 24 hours. Five subjects were hospitalized during their data collection period, and 18 were outpatients. The severity level of the ongoing depression was rated by a clinician on the Montgomery-Asberg Depression Rating Scale [18] at the beginning and conclusion of the motoractivity recordings. In addition, the dataset contains actigraphy data from 32 non-depressed contributors (control group), consisting of 23 hospital employees, 5 students and 4 former patients without current psychiatric symptoms.
The dataset can be accessed via: http://datasets.simula.no/depresjon/ or directly downloaded from https://doi.org/10.5281/zenodo.1219550 and contains the following: Two folders, whereas one contains the data for the controls and one for the condition group. For each patient we provide a csv file containing the actigraph data collected over time. The columns are: timestamp (one minute intervals), date (date of measurement), activity (activity measurement from the actigraph Figure 1 : Example of activity data measured for one patient covering the duration of 24 hours. watch). In addition, we also provide the MADRS scores in the file scores.csv. It contains the following columns; number (patient identifier), days (number of days of measurements), gender (1 or 2 for female or male), age (age in age groups), afftype (1: bipolar II, 2: unipolar depressive, 3: bipolar I), melanch (1: melancholia, 2: no melancholia), inpatient (1: inpatient, 2: outpatient), edu (education grouped in years), marriage (1: married or cohabiting, 2: single), work (1: working or studying, 2: unemployed/sick leave/pension), madrs1 (MADRS score when measurement started), madrs2 (MADRS when measurement stopped).
Medical background
Depression is a mental disorder characterized by a feeling of emptiness or sadness, anxiety, sleep disturbance and general loss of initiative and interest in activities [21] . Symptoms like reduced energy, concentration problems, the feeling of worthlessness or guiltiness and various degree of suicidality might also be present, as well as delusions and hallucinations. The severity of a depression is determined by the amount of symptoms, their seriousness and duration, as well as the effect on social and occupational function [25] . Depression is associated with disrupted biological rhythms caused by environmental disturbance like seasonal change in natural light, disturbed daytime rhythms due to for instance shiftwork or longitude traveling, besides triggered by persistent daily rhythms deviating from the natural daylight cycle [1, 3] . In addition, the appearance of depressive symptoms relates to physical health issues, medical side effects, social factors, besides alcohol and substance abuse [21] .
Depressions are also present in Bipolar disorder, a severe mental disorder characterized by intense mood fluctuations, as a counterpoint to the manic state which is associated with increased activity, reduced sleep, impulsivity, goal-directed actions and inflated selfesteem [10] . The main difference between bipolar disorder and unipolar depression is that mania is not present in the latter. Depression and bipolar disorder are genetic disorders, and can best be understood as an internal vulnerability to external circumstances disturbing the biological state [14] . But health issues, abuse, social features, life events, as well as other environmental circumstances might also cause symptoms of depression in the general population, e.g. for most people not associated with the genetic profile of bipolar disorder and unipolar depression. The lifetime prevalence of depressions is about 15% [25] , but the incidences of episodes with a severity level not qualifying for a depressive diagnosis are far more prevalent [16] . It is well established that depression is characterized by altered motor activity [5] , and that actigraph recordings of motor activity is an objective method for observing mood [29] .
Alternative approaches for objectively detecting depression could be registration of heart rate [31] and voice recordings [33] . However, these methods are hardly studied in depression, probably because collection of such data is a far more complicated and challenging task than using a simple wrist worn actigraph to accumulate motor activity data.
3.1.1 Depression diagnosis. The Montgomery-Asberg Depression Rating Scale (MADRS) is used to grade the current severity of an ongoing depression [18] . Clinicians rate ten items relevant for depression based on observation and conversation with the patient, and the sum score (0-60) state the severity of the depression. Scores below 10 are classified as absence of depressive symptoms [9] , and scores above 30 indicate a severe depressive state [20] .
Dataset Overview
The actigraph devices were used by the study participants for an average of 12.6 days in the control and condition groups. See Table  1 for details. The total number of collected days was 693 comprising 402 days in the control group and 291 in the condition group (Figure 2) . Note that the actigraph files might contain more days but only the first n days were considered in our analysis. Where n is the number of days reported in the days column from the scores.csv file. Figures 3 and 4 show heatmaps of the average activity level by weekday and hour of day for the control and condition group, respectively. The values were normalized across both groups to make them comparable. Clearly, the condition group presents less activity level, specially during weekends. 
APPLICATIONS OF THE DATASET
Our vision is that the available data may eventually help researchers to develop systems capable of automatically detecting depression states based on sensor data. This dataset can be suitable (but not limited to) for the following applications.
• Use machine learning for depression states classification.
• MADRS score prediction based on motor activity data.
• Sleep pattern analysis of depressed v.s. nondepressed participants. This dataset can be used as the basis for evaluating different machine learning methods and approaches such as: cost-sensitive Figure 4 : Heatmap of activity levels of condition group by weekdays and hour of day.
classification [13] and oversampling techniques for imbalanced class problems [11] . This dataset is also suitable for comparing different machine learning classification approaches such as feature based and deep learning based methods like convolutional neural networks and recurrent neural networks for time series.
SUGGESTED METRICS
Several different metrics can be used to evaluate classification algorithms. Many of these metrics come with different names if used in a medical context compared to for example information retrieval. In this section a number of metrics are suggested for the presented dataset. A well chosen set of metrics depicting different aspects of the performance is the basis for a qualitative good evaluation. For the medical dataset it is also recommended to apply weighting of the metrics by the number of samples in the respective classes and report the weighted average, since it often occurs that classes in the medical field are imbalanced. Furthermore, to make comparison more fair it is advisable to present as many metrics as possible. Table 2 contains all suggested metrics and a short description.
BASELINE PERFORMANCE
In order to provide a baseline for a classification task (depressed v.s. nondepressed days), we tested different machine learning classification algorithms including: Nearest Neighbors, Linear kernel Support Vector Machine (SVM), Radial Basis Function kernel (RBF) SVM, Gaussian Process, Decision Tree, Random Forest, Neural Network, AdaBoost, Naive Bayes, Quadratic Discriminant Analysis (QDA) Harmonic mean of precision and recall. and ZeroR (which is basically the majority class baseline). Each day was characterized by a feature vector which was computed by extracting a set of features on a per day basis from the activity level. The extracted features were the mean activity level, the corresponding standard deviation and the percentage of events with no activity i.e, activity level = 0. The features were normalized between 0 and 1 before the classification. The evaluation was performed using 10-fold cross validation and Table 3 provides an overview of the obtained results. Here, we can see that Linear SVM obtained the best overall weighted recall, accuracy, MCC and F1-score (bold in the table). In general, all methods tested can outperform the ZeroR baseline (basically majority class baseline reported in the last row in Table 3 ) but have problems to detect depression. On the contrary, detecting nondepressed seems not a big problem for most of the classifiers. Several methods reach a precision above 0.8 for the nondepressed class. This is also a good example why it is important to look at metrics beyond accuracy, precision and recall. MMC is in these cases a better and more accurate indicator for the real classification performance, which is in our baseline experiments rather low. A MCC close to 1 would be preferable. The best results in terms of classification precision for the depressed class were obtained by Naive Bayes and QDA with a precision above 0.65. The best recall for the depressed class is achieved by Gaussian Process with 0.733 which at the same time sacrifices precision for it (0.543).
All in all, it can be concluded that the here presented baseline classification results still hold a lot of improvement potential. The main reason therefor are most probably the simple statistical features used for the classification. Compressing the information into single statistical values removes information that could contain valuable hints for the classification task. Apart from that, the here presented baseline does not take the flow of time (time series) into account, which also can contain important hints. Nevertheless, a more detailed analysis is out of scope for this paper but especially for the depressed class an improvement should be possible by using more sophisticated methods such as time series analysis for the sensor data using deep learning or a sliding window approach with the addition of more discriminative features.
CONCLUSION
Reproducibility and comparability of results is an important factor of high quality research. In this paper we presented a dataset in the field of depression analysis enabling reproducibility and comparability, which makes it unique in the field of computer science and psychology. The dataset has been collected from real patients wearing actigraphy watches. Furthermore, high quality labels were created through the assessment of the patients via medical experts while they were wearing the sensors. In addition, we also provided a baseline evaluation and suggested metrics. Datasets in the medical field are rare and such a dataset as the here presented one can make multi-disciplinary research possible in order to improve care for the patients all over the world.
